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Abstract: Image processing algorithms take the GPU accelerators as the main speedup solution. However, the performance difference

between a naive implementation and a highly optimized one on the same GPU accelerators is frequently an order of magnitude or more.
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-level threads and the deep hierarchy memory system, while the different part of the latter features different capacity, bandwidth, latency
and access authority. Additionally, image processing algorithms have complex operations, border data accessing rules and memory
accessing patterns. Therefore, parallel execution model of tasks, organization of threads and parallel tasks to device mapping not only
have big impact on the scalability, scheduling, communication and synchronization, but also affect the efficiency of memory accessing. In
a word, the algorithm optimization methods on GPGPU platforms are difficult, complicated and less efficient. This paper proposes a
domain specific language, ParaC, which can provide high level program semantics through the new language extensions. It obtains the
applications’ software characteristics, such as the operation information, the data reuse among parallel tasks and the memory access
patterns, along with hardware platform information and the domain pre-knowledge driven optimization mechanism, to generate high
performance GPGPU code automatically. The source-to-source compiler is then used to output the standard OpenCL programs.
Experiment results on test cases show that ParaC automatically generated optimization version has gained 3.22 speedup compared to the
hand-tuned version for the best case, while the number of lines of the former is just 1.2% to 39.68% of the latter.

Key words: image processing; GPGPU accelerator; domain specific language; compiler optimization, source-to-source translation
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1 . ,
, 6 1 pEdge .parac_vector
ParaC parac_matrix/parac_vector s C
,ParaC C , char*ImgSrc=(char*) malloc
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ROI R .2 R
ROI, >
(Type T (basic type of C)) (Type E (extended type within ParaC)) (Type parac_matrix)
rr < rr < rr <
I |- T r |‘ E r l- parac matrix

(Type parac_vector)

r }- < (Decl parac_matrix) (Decl parac_vector)
1’|— parac vector I i— M : T parac_matrix[H][W] F|— Vi T parac_vector[ W]
(Val parac_matrix Index) (Val parac_vector Index)
'k H,W,ij:int,l | M:T parac_matrix[H][W] 'k W,izint,['| V:T parac_vector[W]
rk Map:T rk vi:r
(Val parac_matrix Hash) Val parac_vector Hash
['l— H, W,i,j,m,n : im.]'}— M : T parac_matrix[H][W] rl— H, W,i,m : im,I'|— M : T parac_vector| W]
TF MimeA][ j ) ):E[m][n] U} Ml ):E[m)
(Type Ref) (Val Ref) (Val Deref )
rr e rk v:E 'l V:RefE
Ik Ref E Il refV:RefE I} deref V:E
(Val Ref Assign) (Val Ref Assign)
Tl M:RefT parac_matrix[HI[W],I  |S:RefV:Ref THI[W] T} V:Ref Tparac_vector [WL,T } S: Ref T[W]
rk m=s rr v=s

Fig.1 The grammar rules of new extended data types within ParaC

1 ParaC

IterStmt  =IterStmt Br Stmt|parac_iterator id(Expr:Expr:Expr;Expr:Expr:Expr) //
Br =parac_border_rule(id)e //
Stmt ={Stmt}|Stmt|Expr|ParaCExpr
ParacExpr =Operator|ParaCExpr+ParaCExpr|ParaCExpr—ParaCExpr /!

[ParaCExpr.*ParaCExpr|id //id
Expr =Expr|Expr+Expr|Expr—Expr|Expr*Expr|Expr/Expr|id|e /IC
Operator =parac_matrix_sum(Params)|parac_matrix_min(Params) /!

|[parac_matrix_max(Params)|parac_matrix_mean(Params)
|parac_convolution(Params, Params)

Params =ParaCExpr /!

Fig.2 The grammer rule of exented operators within ParaC

2 ParaC
3 , 1 piter
s .parac_iterator ,
s ,ParaC parac_iterator . 4 parac_matrix_
sum s matA R
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1 parac_iterator piter(lbx:ubx:stridex; Iby:uby:stridey)

24

3 matAlitx][ity] = matB[itx][ity ] + matCitx][ity]:

1659

4 matD[itx][ity] = parac_matrix_sum(matA[itx][ity+offsety:5:1])/5;

51
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Fig.3 An example of parac_iterator rule
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Fig.4 Type of boundary data accessing
4

L. :CONSTANT; :Src[M][N], MN
2. % s [0,M-1] [O,N-1];
3. -CONSTANT: ;
4. +CONSTANT: 5
5. Src[*][-1]J=CONSTANT; // 1
6. Src[*][+1]=Src[*][N-2]*2-Src[*][N-4]; // 1
7. Src[-1][*]=CONSTANT; // 1
8. Src[+1][*]=Src[N-1]+Src[N-2]*3; // 1

/I s >

.ParaC

9. Sre[-1][-1]=Src[-1][+1]=Src[+1][-1]=Src[+1][+1]=CONSTANT;

Fig.5 Rule of boundary data accessing
5
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1.4 ParaC
ParaC s parac_iterator
ParaC R ParaC ParaC
,ParaC ParaC ParaC
6 ParaC R , 6 1 parac_matrix_
sum s img ;03 ~ 4 8 ~
16 17 ~ 23 25 ~ 26 , , 3 ~ 4 25 ~ 26
, 17 ~ 24 25 ~ 26

1 short mean=parac_matrix_sum(pEdge) /(M*N)+2/2;

2 int DownScaleNewX16 (unsigned char parac_matrix &pImageSrc[M][N], unsigned char parac_matrix &pImageDst[M/4][N/4]){

3 parac_iterator it(iter_element; 0:M:4; 0:N:4){

4 pImageDst[itx/4][ity/4]=(parac_matrix_sum(pImageSrc[itx:4:1][ity:4:1])+8)>>4;}}

5 int UpScaleNewX16 (unsigned char parac_matrix &srcImage[M/4][N/4], unsigned char parac_matrix &dstImage[M][N]){
6 float parac_matrix border_mp_0[4][1]={1.0, 3/4.0f, 2/4.0f, 1/4.0f};

7 float parac_matrix border_mp_1[4][1]={0.0, 1/4.0f, 2/4.0f, 3/4.0f};

8 parac_iterator it1(0:M/4:1;0:1:1){

9 if (itlx==M/4-1){

10 dstImage[it1x*4][0]=dstImage[it1x*4+1][0]=dstImage[it]1x*4+2][0]=dstImage[it]1x*4+3][0]=srcImage[it1x][0];
11 dstImage[it1x*4][1]=dstImage[it]1x*4+1][1]=dstImage[it1x*4+2][1]=dstImage[it1x*4+3][1]=srcImage[it1x][0];
12 dstImage[it1x*4][M-2]=dstImage[it] x*4+1][M-2]=
dstImage[itl1x*4+2][M-2]=dstImage[it] x*4+3][M-2]=srcImage[it1x][M/4-1];
13 dstImage[it1x*4][M-1]=dstImage[it]x*4+1][M-1]=
dstImage[it1x*4+2][M-1]=dstImage[it] x*4+3][M-1]=srcImage[it1x][M/4-1];
14 1 else{
15 dstImage[it1x*4:4:1][0]=dstImage[it1x*4:4:1][1]=srcImage[it1x][0]*border_mp O+srcImage[itlx+1][0]*border_mp_1I;
16 dstImage[it1x*4:4:1][M-2]=dstImage[it1x*4:4:1][M-1]=srcImage[it1x][M/4-1]*border mp_O+srcImage[itlx+1][M/4-1]*

border mp 1;}}
17 parac_iterator it2(;0:N/4:1){
18 if (it2y==N/4-1){
19 dstImage[0][it2y*4]=dstImage[0][it2y*4+1]=dstImage[1][it2y*4]=dstImage[1][it2y*4+1]=srcImage[0][it2y];

20 dstImage[N-2][it2y*4]=dstImage[N-2][it2y*4+1]=dstImage[N-1][it2y*4]
=dstImage[N-1][it2y*4+1]=srcImage[N/4-1][it2y];

21 1 else{

22 dstImage[0][it2y*4:4:1]=dstImage[1][it2y*4:4:1]=srcImage[0][it2y]*transe(border mp_0)
+srcImage[0][it2y+1]*transe(border_ mp_1);

23 dstImage[N-2][it2y*4:4:1]=dstImage[N-1][it2y*4:4:1]=srcImage[N/4-1][it2y]*transe(border_mp_0)+

srclmage[N/4-1][it2y+1]*transe(border mp_1);}}
24 float parac_matrix mp[4][2]={7/8.0f, 1/8.0f, 5/8.0f, 3/8.0f, 3/8.0f, 5/8.0f, 1/8.0f, 7/8.0f};
25 parac_iterator it(0:M/4-1:1; 0:N/4-1:1){
26 dstlmage[itx*4+2:4:1][ity*4+2:4:1]=mp*srcImage[itx:2:1][ity:2:1]*transe(mp);} }

Fig.6 The mean, downsample and upsample of sharpness algorithm written with ParaC
6 ParaC

7 ParaC . s
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, 7 11 ~ 12
br, 6 ~ 10 , 18 ~ 19
, brl, 13
~ 17 ;0 22 ~ 40

1 int Laplacian(unsigned char parac_matrix &Src[M][N], 22 parac_iterator it(0:(M+1)/2:1; 0:(N+1)/2:1){

unsigned char parac_matrix &layer[M][N]){ 23 if (itx==0){
2 unsigned char parac_matrix filter_horizon[1][5]={1,4,6,4,1}; 24 layer[0][ity*2]=Src[0][ity*2]-dst_ds[O0][ity];

unsigned char parac_matrix filter_vertical[5][1]={1,4,6,4,1}; 25 if (ity !=(N+1)/2-1) layer[0][ity*2+1]=Src[0][ity*2+1]-

4 unsigned char parac_matrix dst_horizon[M][N], (dst_ds[0][ity]+dst_ds[0][ity+1]+1)/2;

dst_vertical[M][N]; 26 if (ity==(N+1)/2-1 && widthOdd==0)

5 unsigned char parac_matrix dst_ds[(M+1)/2][(N+1)/2]; 27 layer[0][ity*2+1]=Src[0][ity*2+1]-dst_ds[0][ity];}

6 parac_border_rule br{ 28 if (heightOdd==0 && itx==(M+1)/2-1){

7 Src[*][-2]=Src[*][3]*4-Src[*][1]*4+Src[*][0]*2-Src[*][2]; 29 layer[M-1][ity*2]=Src[M-1][ity*2]-

8 Sre[*][-1]=Src[*][1]*2-Src[*][3]; dst_ds[(M+1)/2-1][ity];

9 Sre[*][+1]=Src[*][N-2]*2-Src[*][N-4]; 30 if (ity !=(N+1)/2-1) layer[M-1][ity*2+1]=

10 Sre[*][+2]=Src[*][N-4]*4-Src[*][N-2]*4+Src[*][N-1]*2- Sre[M-1][ity*2+1]-(dst_ds[(M+1)/2-1][ity]+dst_ds
Src[*][N-3];} [(M+1)/2-1][ity+1]+1)/2;

11 parac_iterator it(0:M:1; 0:N:1) parac_border_rule(br){ 31 if (ity==(N+1)/2-1 && widthOdd==0)

12 dst_horizon[itx][ity]=(parac_convolution(filter_horizon, layer[M-1][ity*2+1]=Src[M-1][ity*2+1]-

Sre[itx][ity-2:5:1])+8)/16;} dst_ds[M-1][ity];}
13 parac_border_rule brl { 32 if (itx!=0){
14 dst_horizon[-2][*]=dst_horizon[3][*]*4-dst_horizon 33 layer[2*itx-1][2*ity]=Src[2*itx-1][2*ity]-
[11[*]*4 + dst_horizon[0][*]*2-dst_horizon[2][*]; (dst_ds[itx-1][ity]+dst_ds[itx][ity]+1)/2;

15 dst_horizon[-1][*]=dst_horizon[1][*]*2-dst_horizon[3][*]; || 34 layer[2*itx][2*ity]=Src[2*itx][2*ity]-dst_ds[itx][ity];

16 dst_horizon[+1][*]=dst_horizon [M-2][*]*2-dst_horizon 35 if (ity '=(N+1)/2-1){

[M-4][*]; 36 layer[2*itx-1][2*ity+1]=Src[2*itx-1][2*ity+1]-

17 dst_horizon[+2][*]= (dst_ds[itx-1][ity]+dst_ds[itx-1][ity+1]+
dst_horizon[M-4][*]*4-dst_horizon[M-2][*]*4+ dst_ds[itx][ity]+dst_ds[itx][ity+1]+2)/4;
dst_horizon[M-1][*]*2-dst_horizon [M-3][*];} 37 layer[2*itx][2*ity+1]=

18 parac_iterator it1(0:(M+1)/2:1; 0:(N+1)/2:1) Src[2*itx][2*ity+1]-(dst_ds[itx][ity]+

parac_border_rule(brl){ dst_ds[itx][ity+1]+1)/2;}

19 dst_ds[itl1x][itly]=(parac_convolution(filter_vertical, 38 if (widthOdd==0 && ity==(N+1)/2-1){

dst_horizon [it1x*2-2:5:1][it1y*2])+8) || 39 layer[2*itx-1][2*ity+1]=Src[2*itx-1][2*ity]-
/165 } (dst_ds[itx-1][ity]+dst_ds[itx][ity]+1)/2;
20 int halfWidth=N/2, halfHeight=M/2; 40 layer[2*itx][2*ity+1]=
21  int widthOdd=N-(halfWidth*2), heightOdd=M- Src[2*itx][2*ity]-dst_ds[itx][ity];}}}
(halfHeight*2); 41 return 0;}
Fig.7 The ParaC code of Laplacian pyramid algorithm
7 ParaC
2
Clangm] ParaC OpenCL s s Clang
ParaC ; s Clang (AST)
( HAST), , ,
HAST ; R HAST s
AST ; OpenCL OpenCL
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Fig.9 The mapping to memory hierarchies of GPGPU of application variables
under different optimization algorithms
9 R GPGPU
il
FOR EACH ParNode in ParScope
FOR EACH CVar in ChunkVar of ParNode
IF CVar—HReuse== /l
THEN insert CVar into the set VectAcc; 1/ CVar
ParInfo— VectorHParFlag=1; !/
IF ReuseLen>UpRULen
THEN PariInfo—LDSFlag=1; //LDS
IF CVar—VReuse==
THEN CVar—LDSFlag=1; // ,LDS
insert CVar into set CISAcc; //Coalescing
IF ParGWS[0]*ParGWS[1]<LowGTS*VectorParLen
THEN LDSFlag=LDSFlag||VectorParFlag; //LDS

ELSE IF CVar—VReuse==1 && CVar—HReuse==

© PEBEEG T
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THEN ParlInfo—VectorVParFlag=1; // s
//Optimization of reduction operation.
FOR EACH reduction operation ReducOpr

IF ReducOpr is local reduction operation

THEN do reduction operation serially

ELSE IF ReducOpr is global reduction operation

THEN GRTOptFlag=1

) 2
(1)
3(2) ,
:3) ,
s 2
2.
:ParaC HAST ;
(ParScope: ;ParDim: ;ParGWS[ParDim]:

).
//Step 1. Analysis of parallelism information.
FOR EACH Node in HAST IR
IF Node is an IteratorScope||IndependentOperator
THEN Insert Node into the set of parallel scope: ParScope
FOR EACH ParNode in ParScope
setup variable Parlnfo to store characteristics of ParNode
IF ParNode is IteratorScope
THEN get the header info of the iterator
get ParDim and ParGWS[ParDim] information of global tasks
ELSE IF ParNode is IndependentOperator
THEN get high level information the IndependentOperator
get ParDim and ParGWS[ParDim] information of global tasks
//Step 2. Analysis of memory accessing pattern
FOR EACH Stmt in ParNode
IF Stmt is Operator of ParaC
THEN for each parameter Var of the operator
AnalysisAndRecordAcclnfo(ParlInfo, Var)
ELSE IF Stmt is C operation
THEN for each operand Var of Stmt
AnalysisAndRecordAcclnfo(Parinfo, Var)
FOR EACH Var in DecVarRefInfo
Init Memory Access Type:PointFlag=1 and insert Var into set PointVar;
FOR EACH reference point RefPoint of Var
IF RefPoint is chunk operation and PointFlag== //
THEN PointFlag=0 and delete Var from set PointVar;

© EEEERK T
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insert Var into set ChunkVar;
FOR EACH ChVar in ChunkVar
IF ChVar is reused among different iterations
THEN
IF the data reuse of ChVar is in the horizontal direction THEN HReuse=1;
ELSE IF the data reuse of ChVar is in the vertical direction THEN VReuse=1;
AnalysisAndRecordAccInfo(Parlnfo, Var){

Analyzing memory accessing information of Var, such as def/use, ref, and access scope;

1665

Setup the map between reference point and access_info for each reference point of Var: VarRefInfo

Setup the map between DeclVar and RefPointInfo for each Var: DecVarRefInfo

}

3.
:HAST

FOR EACH ParNode in ParScope
IF ParNode—ParInfo—VectorParFlag==
THEN ParGWS[0]=ParGWS[0]/VectorParLen;
IF ParNode—ParInfo—>LDSFlag==1
THEN initializing LWS[ParDIM] for local work group
//Vector parallelizing code generation.
IF ParNode—Parinfo—VectorParFlag==
THEN
FOR EACH Var in ParNode
compute accessing scope of Var
promote Var to corresponding vector type;
generate load/store operations for Var;
IF Var is in VectAcc
THEN generate Vector memory access operations
Transform original operations into vector types
IF ParNode—ParInfo—>LDSFlag==
THEN
FOR EACH Var in ParNode
generate memory access operation for Var
IF Var is in ClsAcc
THEN compute Acess_Scope for each task

generate memory access operation

coalescing

© TEBREEEEIEDT  htp/ www. jos. org. cn
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insert synchronization operation;
IF ParNode—ParIinfo>GRTOptFlag
THEN
generate reduction operation for each thread,;
generate reduction operation with each work group;

generate reduction operation among work groups;

Vol.28, No.7, July 2017

2.3
2.3.1
, OpenCL!" OpenCL . m
n ImgMat, short n 32 s s
GPU
ParaC 64
PadWidthLen ,Width WidthLen ,CLineLen
cache line
WidthLen = sizeof (TyName) xWidth,
RemainLen=WidthLen%CLineLen,
PadLen = RemainLen?(CLineLen — RemainLen): 0,
PadWidthLen=WidthLen + PadLen.
232
,ParaC ((a)
, ;(b)
, , 9 3
parac_ matrix_sum , s
coalescing
. s ,  AMD FirePro W8000 GPU .
64KB, 32KB JParaC
2.33
s s 4 .GPU
CU , GPU CU , ,
GPU CU ,
s R ,ParaC
2.34
1 ,ParaC , 9
parac_matrix_sum , (1)

5
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24

ParaC

2.4.1

1)

64

2)
ParaC

3)

4)

242
1)

2)

:ParaC: GPU

;(2)

;(2) barrier

AMD GPGPU 64

ParaC

256.

parac_matrix
,ParaC

parac_vector

, GPGPU

ParaC

(1)
, :3)
;NVIDIA GPGPU 32
OpenCL . ,
OpenCL _ kernel ,
,AMD GPGPU
,ParaC
OpenCL s
) :(a)
3(b)
M(M>1)
,OpenCL ,
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3)
OpenCL .ParaC
9 b PE b
4)
OpenCL s mad24,max min
5)
GPGPU SIMD, PE s ,
,ParaC
3
ParaC OpenCL R
ParaC s ParaC Halidel
s ParaC , ,Halide
X86 GPU Intel Xeon CPU E7-4807
4 48( ) s 14.96GFlops. GPU AMD Radeon W8000 GPU
., GPU 28  Compute Unit,1 792 R 0.88GHz,
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